This paper presents one of the first studies on flood risk evaluation in the US Northeast -a region where we are likely going to see increasing precipitation variability and associated risk of flood in the coming decades. In the paper, a spatial difference-in-differences framework based on floodplain boundary discontinuities is proposed to control for unobserved heterogeneities. Using parcel level data from Juniata County and Perry County in Pennsylvania, the paper finds that on average there is a 5-6 percent housing value reduction due to exposure to 1 percent annual chance of flooding within the FEMA (Federal Emergency Management Agency) 100-year flood zone. For Juniata County, it shows that on average there is a $3.28/sqft (in 2015 USD) discount for a full-time SFR (single family residential) property located within the flood zone. For an average housing unit of 1430 sqft living space in the sample, the estimate translates to a $4690 housing value reduction. For Perry County, the corresponding estimates are $4.00/sqft (in 2015 USD) and $6320 for an average housing unit of 1580 sqft. The paper also shows that with similar specifications, a standard hedonic price model underestimates the flood risk impact on housing value by a substantial amount as a result of failing to control for unobserved heterogeneities.
Introduction
The ongoing and expected climate change likely alters the precipitation pattern and runoff in many regions around the world (Labat et al., 2004; Trenberth, 2011) . In the US Northeast, for example, the changing climate has been found correlated with less winter precipitation falling as snow and more as rain, as well as earlier spring snowmelt resulting in earlier peak river flows (Frumhoff et al., 2007) . One of the consequences proceeds from the growing precipitation variability is the increasing risk of flood, which poses serious threat to economic development and human lives (McMichael et al., 2006; Jongman et al., 2012; Kousky, 2014) . According to Jongman et al. (2012) , the total global exposure to river and coastal flood risks is 46 trillion USD in 2010, which could rise to a projected 158 trillion USD by 2050. In many states throughout the US, flooding is the lead cause of death among all types of natural disasters. Both mitigation and adaptation strategies are developed towards such potential risk, and one common local strategy is floodplain management and land use planning. To ensure that policy tools play an effective role in managing flood risk, evaluating market response to flood risk becomes a key component in policymaking process for many local governments. Such valuation is of fundamental importance because policy tools often need to provide right incentives for desired behavioral changes as a way to enhance community resilience.
In the literature, hedonic valuation is commonly used to estimate and derive the flood risk premium. By evaluating the relationship between flood zone status or inundation depth and its resulting capitalization in property values, household willingness to pay for avoiding flood risk can be derived (Niskanen and Hanke, 1977) .
Results from existing studies vary spatially given the nature of their study regions.
The results can be simply grouped into two categories: coastal flood risk and inland (river) flood risk. Figure 1 shows estimates from some of the representative studies (by no means an exhaustive list) across eastern, northern, and southern US. These valuations are all based on residential housing market sales without intervention from major flood events (e.g. hurricanes). In other words, these estimates reflect a normal valuation of flood zone status. Flood risk valuations after a major flood event tend to be substantially higher due to the unexpected catastrophic effect from the exogenous shock and rising flood risk perceptions (Hallstrom and Smith, 2005; Carbone et al., 2006; Morgan, 2007; McKenzie and Levendis, 2010; Bin and Landry, 2013) . As Bin and Landry (2013) find, however, this large effect is diminishing over time as affected communities recover from the natural disasters.
Data source: compiled from Struyk (1971) , Skantz and Strickland (1987) , Speyrer and Ragas (1991) , Bartosova et al. (2000) , Harrison et al. (2001) , Shultz and Fridgen (2001) , Bin and Polasky (2004) , Bin and Kruse (2006) , Kousky (2010) , McKenzie and Levendis (2010) , Zhang et al. (2010) , Bin and Landry (2013) . There are two potential explanations for the observation. First, households and housing markets along the Gulf coastal region may have developed higher tolerance to flood risk over years, and more likely had protections and preparedness in place to prevent losses from regular flood events (e.g. Lindell and Prater, 2003) . In this regard, institutional resilience may have also been forged over years, which is found to be important in shielding the population from natural-disaster losses (Kahn, 2005) . Another explanation is that, along the coastal line, amenity values are often confounded spatially with flood risk. Such a correlated spatial trend in amenities could cause identification issues in empirical estimation and lead to underestimation of flood risk premium (Bin and Kruse, 2006; Carbone et al., 2006) . Bin and Kruse (2006) point out that, for example, the coastal flood risk tends to play small to insignificant role in property valuation due to the significant premium from capitalization of the proximity to coastal water and wave action.
Efforts have been devoted in the literature to cope with the identification issue of flood risk impacts caused by unobserved heterogeneity. In many cases these spatial amenity effects cannot be well represented by distance to the shore, for instance due to topography, which complicates the empirical investigation. One solution is to use GIS-based view measures to disentangle the variation of amenities from the distance-based measure of risk exposure (Bin et al., 2008; Hamilton and Morgan, 2010 ). This approach is subject to the availability of three-dimensional topographic image (e.g. Light Detection and Ranging (LIDAR) Data). Another solution to this problem is to utilize the spatial and temporary variations in market responses to natural events (Carbone et al., 2006) . Difference-in-Differences framework is often employed to implement the empirical estimation, where much of the time-invariant spatial heterogeneity (in the sense of relatively short time windows) can be differenced out (Hallstrom and Smith, 2005; Bin and Landry, 2013) . When a proxy variable can be interpreted as measuring two locational effects, amenity effect and flood risk in this case, an exogenous treatment or source of information is necessary to distinguish these two effects (Hallstrom and Smith, 2005) . In coastal region flood risk studies, disastrous events like typhoons and hurricanes can be used as the exogenous treatment or source of information. Therefore, a temporal difference-indifferences approach works.
For non-coastal regions especially areas near inland water bodies (rivers and lakes), however, natural events like typhoons and hurricanes are less frequently to be observed. In some of these regions, the increase of flood risk happens gradually. The water level of Devils Lake in North Dakota (US), for example, has risen about 10 meters in last two decades (Zheng et al., 2014) . Since the 10 meter water level rise did not happen in a very short time window, and two decades of time gives a span enough for many time-invariant locational factors to change, a temporal differencein-differences framework no longer works. In cases where temporal variation is not sufficient to eliminate unobserved heterogeneities, spatial variation can still be utilized. Based on the similar idea, spatial discontinuities have been used in other literature to deal with biases due to unobserved heterogeneities. Many of the school quality valuation studies, for example, have used boundary discontinuities along school district boundaries to difference out unobserved heterogeneities (e.g. Black, 1999; Gibbons et al., 2013) .
In this paper, the researcher applies the rationale of boundary discontinuity to flood risk valuation for a non-coastal area along inland water body. The idea is to use floodplain boundary as cut-off to difference the data among close-neighboring properties to eliminate any location-specific unobserved heterogeneities which affect housing values. Presumably, along the sides of floodplain boundary, the only major price difference between two properties after controlling for land size and structural differences is due to the disparity in flood zone status. In some cases, the floodplain boundary could coincide with major roads or municipal boundaries.
Nevertheless, this is less likely a concern due to the fact that floodplain is designed based mainly on topographical factors like soil saturation capacity and land elevation. Note that this empirical strategy only works for identifying the impact of flood risk if there is a sharp discontinuity in its price effects between close-locating properties along the two sides of floodplain boundary. The condition holds because the flood zone status implies different costs to homeowners regarding aspects like flood insurance requirement, local housing regulation, and flood preparedness.
Households living in high risk flood area are mandated by federal law to have flood insurance if the property and buildings have mortgages from federally regulated or insured lenders. The policy does protect both households and lenders from major financial losses in the case of extreme events. The mandate, however, also has significant consequences on insurance affordability and property values over the time (Kousky and Kunreuther, 2014) . Especially in recent years, the flood insurance premium has been increasing, often as a response to recent extreme flood events, which leads to an even larger gap in property values. On the top of increasing premium, additional costs related to flood insurance may include getting flood elevation certificate and supplemental coverage for basement contents.
Infrastructure is another cost that makes the difference. As part of planning process, projects like storm drains, pumps, runoff ponds, and levees are designed to make by a substantial amount. This confirms with the literature that correlated flood risk and amenities could lead to underestimation of flood risk premium (Bin and Kruse, 2006; Carbone et al., 2006) . It also suggests that the proposed difference-in-differences framework using boundary discontinuities of floodplain can effectively correct potential omitted variables bias due to unobserved heterogeneities.
The paper is organized as follows. Section 2 introduces both an economic model of flood risk valuation and the empirical strategy in details. Section 3 describes study area and data. Section 4 discusses estimation results. Section 5 concludes the paper.
Method

Economic Model
This section introduces an economic model of housing valuation, which includes N households. A housing unit is valued as a bundle of three types of attributes: physical attributes (structures), locational attributes, and components observable to the homeowner and local residents but not to the researcher. Flood risk is one of the locational attributes expected to reduce property value. First, following Gayer et al. (2000) , the researcher establishes a household risk perception function which depends on two types of risk assessment: objective and subjective. Household objective risk assessment ( ) is derived based on public information and knowledge, and it is observable to the researcher. Household subjective risk assessment ( ) is formed based on local information and private knowledge, which is unobservable to the researcher but could be well-observed in the neighborhood (e.g. through social interactions). The researcher also introduces two information parameters, 0 > 0 and 0 > 0, associated with objective assessment and subjective assessment, respectively. The information parameter measures information content associated with the particular risk assessment.
The household risk perception function is defined as:
where = 0 /( 0 + 0 ) , and = 0 /( 0 + 0 ). In this paper, represents risks that can be measured and well quantified by the 100-year floodplain map, which is public information. represents risks that are not measured by the floodplain map.
The assessment of such risks totally depends on local information and private knowledge. This type of risks may include: landslide, groundwater damage, and other environmental hazards like brownfields. Note that these non-flood related risks may present threats to both households in the floodplain and those outside the floodplain. Failing to account for subjective risk assessment can lead to biased estimates in hedonic valuation of flood risk, in a way similar to the influence of unobserved spatial heterogeneity.
Given household level risk perception, a household maximizes its expected utility over two states of the world: 1 -utility in the risk state; 2 -utility in the no risk state. Before moving forward, similar to Gayer et al. (2000) , three assumptions are necessary to establish the household decision making problem: (1) For any given level of income, households prefer being safe, i.e. 2 > 1 ; (2) Within each state of the world, households are risk-neutral or risk-averse; (3) Marginal utility of income is higher when there is no risk. Household utility in each state of the world is defined as:
where denotes consumption of a composite good with price standardized to 1.
represents a set of housing characteristics, and a bundle of locational attributes (amenities and disamenities) which include flood zone status. Housing price (relative to the composite good) is a function of locational attributes, risk perception, and housing characteristics:
Given household income level , the household maximizes expected utility by solving the following optimization problem:
By construction from (1), it gives / > 0 and / > 0. Therefore, the researcher can determine the sign of the marginal effects of risk assessments on housing price:
Combining two equations from (5), the researcher can derive the marginal effect of household risk perception on housing price:
The result in equation (6) indicates that household risk perception has a negative effect on housing price, which presents an empirically testable hypothesis. A few things to note about this result. First, the magnitude of the effect depends on several factors: current levels of utility (or quality of life) in both the risk state of the world and no risk state of the world, marginal utilities of non-housing consumption (simplified to composite good ) in two states of the world, and current level of household risk perception. Second and conceptually, the marginal price derived here gives an expression of the marginal willingness-to-pay for an incremental reduction of household flood risk perception. This is a useful framework, with which one can then compute the welfare effect of a marginal change in measureable objective flood risk from the price gradient (Gayer et al., 2000) . Since the objective risk assessment and the subjective risk assessment are additive and separable according to (1), this gives the hedonic valuation of flood risk.
Empirical Strategy
The goal of this paper is to quantify the effect of flood risk on housing values based on the hedonic framework described above. The theoretical result established in (6) does not give any direct hint on handling unobserved heterogeneities in an empirical implementation. The empirical design relies on boundary discontinuity to eliminate unobserved heterogeneities. Let ℎ be the price of an observed home sale on housing unit , and housing characteristics denoted by matrix , a hedonic housing price model can be given as:
where is the intercept term, is a [0,1] dummy variable indicating flood zone status (flood zone = 1). Similar as in Gibbons et al. (2013) , represents unobserved influences on housing prices that are correlated and distributed continuously across neighboring locations. is an idiosyncratic error to the household , which is known to the household but unobservable to the researcher.
The key task of estimating equation (7) is to identify coefficient . The empirical strategy is to take the difference of two hedonic equations from two closeneighboring locations, say and , which gives:
Without loss of generality, let denotes the property in the flood zone, and the property outside the flood zone. Therefore, − = 1 and reduces to the intercept term in the new equation. Consistent estimation of the implicit hedonic price requires the unobserved heterogeneity term − to be effectively random and uncorrelated with the difference in flood risks, − . This condition naturally holds in this paper, because − is constant by design. To effectively eliminate unobserved heterogeneities the researcher makes the following assumption: ( − ) → 0 as the Euclidian distance between two locations and approaches zero (Gibbons et al., 2013) . In practice, the condition likely holds given that many of the factors and amenities influencing housing value are distributed continuously in the space unless their discontinuity points coincide with the floodplain boundary. As being discussed before, such coincidence is rare. The researcher will further explore these empirical concerns when discussing the results. Let = − + − be the new idiosyncratic error and be independently and identically distributed, the new estimation equation becomes:
Note that here for simplicity the researcher suppressed the subscript notations so that represents a pair of close-neighboring (as geographically close as possible)
properties with one in the flood zone and another one outside. Conveniently, in the new estimation equation intercept term becomes the key coefficient of interest.
The new empirical framework effectively helps to reduce the impacts from unobserved heterogeneities and potential correlations between socio-economic factors and flood risk in estimation. Fixed effects can still be included in model (9) to control for certain institutional or jurisdictional effects, the researcher will further explore this option in results section.
Another aspect that one would argue is that, the empirical strategy and reliability of estimates of hinge on an implicit assumption that households do not sort into or outside the 100-year floodplain in a systematic way. In general, residents sort across the space based on school quality, racial identify, labor markets, and other socioeconomic factors. In the study region of this paper, this is less likely a concern.
Residents in Juniata County are served only by two school districts: Juniata County School District and Greenwood School District. Among these two, Juniata County School District covers a majority of residential area in the county. According to estimates from the US Census, 97.5% of the population in Juniata County is white in 2015. Therefore, racial segregation is unlikely to be a factor of sorting.
Perry County shares a similar demographics, with 97.1 % of its population being white in 2015 according to the US Census. Perry County has one major school district (West Perry School District), two small school districts (Newport School District and Susquenita School District), and one school district (Greenwood School District) shared with Juniata County. It is also necessary to point out that the area of flood zone is considerably smaller than any school districts. In general, the researcher argues that in the study region flood zone status is unlikely to be a key determinant of overall neighborhood quality. Therefore, sorting is not a concern for identification when separating willingness-to-pay for flood risk reduction from willingness-to-pay for neighborhood quality. If, however, households do sort across flood zone boundary based on other socio-economic factors such as race and school quality, the consequence is that it becomes difficult to identify the willingness-to-pay for avoiding flood risk in a clean way. In this case, neighborhood or household demographic variables can be included to control for potential bias, which requires detail household demographic information. Figure A2 , the real unit housing price (converted to constant value using Housing Price Index (HPI) of Harrisburg metropolitan area) on average increases over the study period in both counties. Table 1 summarizes all of the variables used to estimate the proposed empirical model in (9). Note that the assessed land value and the assessed building value do not add up to the housing price. This is normal because the determination of property assessment value follows a system (e.g. negotiation between homeowners and assessor's office) quite different from the market mechanism. However, the assessment value in general is highly correlated with structural attributes (e.g. number of bedrooms and bathrooms) of the property. The basic model is estimated using ordinary least squares (OLS) with heteroskedasticity robust standard errors. The main control variables in the model are housing characteristics which are supposed to capture any structural differences between paired properties, as well as the distances to county seat and the city center of Harrisburg. From the summary statistics, one can see that properties in the 100-year flood zone on average is cheaper than their counterparts outside the 100-year flood zone, in terms of both overall price and unit price. One should also note that housing price in Juniata County is relatively lower than housing price in Perry County, which likely reflects the fact that Perry County locates closer to the city of Harrisburg. This suggests that distance to the central business district should be controlled in the empirical model. To control for structural differences between matched properties as much as possible, the researcher uses housing price per sqft living space as dependent variable. Figure 3 plots the distribution of unit housing prices (note that actual dependent variable in the empirical model takes logarithm transformation) inside and outside the flood zone, obtained through nonparametric kernel density estimation. As shown in the graph, the distribution of unit housing prices outside the 100-year flood zone (red/dash line) shifts to the right of its counterpart, which is consistent with the summary statistics.
Study Area and Data
Figure 3: Distribution of unit housing price
In the assessment data, the structure of each housing unit is described by one of more than 100 structure codes, which makes them difficult to quantify. Instead, the researcher used the assessed building value as a within-county proxy for the richness of housing structure (e.g. number of bedrooms and number of bathrooms). The empirical model also controls for property lot size, assessed land value, housing living space, and distances to county seat and the nearest metropolitan cityHarrisburg. Due to a large portion of missing values, the number bedrooms and bathrooms, though available in Perry County dataset, cannot be included in the empirical model. As shown in Figure A3 , however, the size of living space is highly correlated with the number of bedrooms and bathrooms. Therefore, living space can help to control for major structural differences of properties in the empirical model.
Note that, as shown in Table 1 , the level of assessment values are significantly different in two counties. This implies that two counties have essentially different assessment processes, which suggests that the regression analysis for two counties has to be implemented separately. However, the estimation results on flood risk premium should still be comparable. Because, arguably, two counties belong to one large housing market and locate within a similar environment. Table 2 reports main estimation results from the difference-in-differences model. Property size (lot size) has a positive impact in Juniata County, but a small to none negative impact in Perry County. Such a variation may be explained by the very different average plot size in two counties, as indicated in the summary statistics in Table 1 . Distance to the central business district (Harrisburg) has a strong negative impact in Perry County as the urban economic theory suggests, but is found insignificant in Juniata County. This may be explained by the relative location of two counties. Perry County is right next to the city of Harrisburg in the west. Juniata
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County is much further away from the city. It is natural to expect the effect of monocentricity becomes less pronounced as we move away from the central business district. The distance to county seat has a slight positive impact in both counties. The county seats in both cases are very small town or borough. Therefore, its impact on the housing market may not be explained by the theory of monocentricity. One possible interpretation is that, the variable captures more of the relatively high level of natural amenities in the area further away from county seat, which is positively correlated with the distance to county seat. Another possible interpretation is that, in most of these Northeast counties, county seat is usually not the only major town in the county. In these cases, a polycentric structure describes the pattern of land development better than the monocentric structure.
For example, in Perry County, Duncannon and Newport are also major towns with even better access to major highways. Note: throughout the paper, asterisks (*,**,***) indicate statistical significance at 10%, 5%, and 1% level, respectively, unless otherwise noted.
One of the major concerns on using boundary discontinuities to identity policy parameter is the potential selection effect around the boundary (Black, 1999 ; zone boundary coincides with or is very close to municipal boundary or school district boundary. The associated estimation bias comes from the fact that there may be omitted variables that vary at the municipality or school district level, in particular property tax rates and public goods provision. In the study region of this paper, the municipal boundary and the school district boundary overlaps each other. In general, one school district covers several municipalities. Therefore, we only consider the impact from municipal boundaries.
To capture the change of municipalities between two matched properties, a single dummy variable indicating if a matched pair of properties come from different municipalities (yes=1, otherwise 0) is included. This different municipality dummy variable is similar to including fixed effects for all municipalities in the standard hedonic price model from equation (7) without an intercept term. If, for all pairs, two properties in each pair happen to locate in the same municipality, then the difference-in-differences model effectively cancels out all of the municipality fixed effects. In this case, the dummy variable (always equals to 0) is dropped out of the regression due to no variation.
In the estimation sample, there are some matched properties which do not belong to the same municipality. Therefore, the differencing procedure cannot cancel out all of the fixed effects. The different municipality dummy variable plays a role of absorbing the municipality fixed effects that are not netted out by the differencing procedure. Still and practically, in the proposed difference-in-differences model, a new set of municipality fixed effects can be included. However, their interpretation is not straightforward. In Gibbons et al. (2013) , boundary fixed effects are accounted for. In this paper, the irregular shape of floodplain boundaries makes them difficult to quantify, and their implications are relatively homogeneous across the space. The preferred GLS estimation results with the same municipality dummy variable are reported in Table 3 . The municipal boundary selection effect can bias estimates in either directions. As one can see from Table 3 , the different municipality dummy has a significant negative estimate of -0.0605 for Juniata County, while it has a significant positive estimation of 0.1780 for Perry County. As a result of these significant municipal boundary selection effects, our key flood risk impact estimates (intercepts) are corrected correspondingly. For Juniata County, the estimate changes from -0.0703 to -0.0622 (a change of 13%). For Perry County, the change is 10% (from -0.0654 to -0.0720). With the corrected estimates, we can now derive the economic implications of the estimated flood risk impact on unit housing price.
From the results in Table 3 one can see that, as indicated by the intercept estimates, flood risk has a significant negative effect on unit housing price which the theoretical model suggests. Given the mean of log(price/living space) being 3.9639 in the sample 
Again, considering that an average SFR housing unit has about 1580 sqft (147 m 2 ) living space in the estimation sample of Perry County, the estimated flood risk premium translates to a $6320 (or 6.02% given the average housing price around $105,000) price difference in 2015 housing market.
These estimates are consistent with other findings in the literature (see Figure 1 ).
The estimates are also the first set of empirical flood risk evaluation for the US Northeast -a region likely with increasing precipitation variability and flood risk in the coming decades (Collins, 2009) . The significance of the estimated flood risk premium suggests that households in the study region do value potential flood risk in a consequential way, which gets reflected through price variations in the housing market. In some regions across the US, the Mississippi River valley for example, the price differential along floodplain boundaries can also be due to artificial structures (e.g. berms and dykes) providing enhanced protection against flood risk. In that case, the price differential reflects both a willingness-to-pay for the flood prevention infrastructures and a flood risk premium. In the study region of this paper, however, there are no such flood prevention infrastructures, given its relatively low frequency of flood events comparing to coastal areas. Therefore, the estimated price differential reveals mainly a premium for potential flood risk.
Given the methodological advantage of the proposed difference-in-differences framework in controlling for unobserved heterogeneities, it is still interesting to compare results from a standard hedonic price model to the proposed model. Table   4 reports the results from the standard hedonic price model (with municipality fixed effects) with all matched SFR properties pooled together. The estimates are comparable to those of Table 3 and Table 4 , it is clear that the standard hedonic price model underestimates the flood risk impact for both counties. This suggests that the proposed difference-in-differences framework using boundary discontinuities of floodplain can potentially eliminate the bias due to omitted Paterson and Boyle (2002) find that close proximity to rivers and streams has a significant negative impact on housing values. In general, the empirical findings in this paper is in line with the existing studies. However, few of the existing studies explicitly control for unobserved heterogeneities. The associated omitted variables bias could lead to either underestimation or overestimation of the key coefficient on flood risk impact. Such a bias can be substantial, especially considering the fact that certain omitted amenity measures may be correlated with the flood risk exposure measure. In this study, the researcher strives to control and minimize the impact of unobserved heterogeneities on the estimate of flood risk impact. The paper provides the first quantitative evaluation on the flood risk impact associated with the SRB region. It is also one of the first studies focusing on flood risk impact in the US Northeast region.
Concluding Remarks
The literature on flood risk capitalization has been focusing on coastal housing market and effects of major natural disasters along the coastal area. Much less attention has been attached to flood risk in non-coastal areas where river flood risk also poses serious threat to economic development and human lives. This paper presents one of the first studies on flood risk evaluation in the US Northeast -a region where we are likely going to see increasing precipitation variability and associated flood risk in the coming decades, which also contributes to the literature with one of the first studies of flood risk impacts on rural housing market.
In this paper, a spatial difference-in-differences framework based on floodplain boundary discontinuities is proposed to control for unobserved heterogeneities.
Using parcel level data from Juniata County and Perry County in Pennsylvania, the paper finds that there is a 5-6 percent housing value reduction due to exposure to 1 percent annual chance of flooding in the study region. Specifically, for Juniata The paper also finds that with similar specifications, a standard hedonic price model underestimates the flood risk impact on housing value by a substantial amount. This further confirms with the literature that correlated flood risk and amenity could lead to underestimation of flood risk premium (Bin and Kruse, 2006; Carbone et al., 2006) . The bias is a type of omitted variables bias likely caused by the unobserved heterogeneities that drive housing value. Since such a bias is not negligible, its implications for policy (e.g. planning policy and flood insurance policy) can be important. The empirical strategy proposed in this paper provides an effective alternative to correct such potential biases in flood risk evaluation.
The current empirical framework does not explicitly control for any subjective component of the overall household risk perception due to data limitation. It is Another interesting aspect to improve the current research is to further explore the role of flood insurance. The decisions to purchase flood insurance (sometime it is required by mortgage lenders pursuant to federal law) and choose insurance deductible and coverage can reveal important information regarding household subjective risk assessment. Kousky and Walls (2014) argue that spatial targeting can substantially increase the net benefit from floodplain management. A similar idea of spatial targeting has been proposed by Baade et al. (2007) . A deep understanding of household level risk perception is certainly an important part of spatial targeting, on which the framework proposed in this paper can shed light. In terms of building and enhancing local resilience to flood risk, many opportunities can be identified ranging from strengthening social institutions (Baade et al., 2007) to smart growth development patterns (Brody et al., 2013) . 
